Abstract: This paper investigates the determinants of efficiency and technological progress at US research universities. It relies on a unique panel data set of multiple outputs and inputs from 92 universities covering the period 1981-1998. Over that time span, US universities experienced large increases in industry funding and in academic patenting activity. In this context, the directional distance function and a nonparametric representation of the underlying production technology are combined to obtain estimates of productivity growth and technical efficiency. A pooled-Tobit estimator is used to examine the determinants of technical efficiency and the rate of technological progress. The results show how changes in funding sources for U.S. research universities affects research performance.
Introduction
It is well documented that university research and development have played a vital role in generating long term social returns in the United States (e.g., Jaffe, 1989; Mansfield, 1995; Chavas, Aliber, and Cox, 1997; Jones and Williams, 1998) . This R&D effort has been sponsored by a combination of public and industry funding support. Over the past two decades, universities have turned increasingly to industry sources to finance R&D activities, including sponsored research agreements with companies and various forms of commercialization of intellectual property rights (patent licensing, start-ups, etc.) .
Increased commercialization of university research efforts has generated controversy about the effects on traditional outputs of universities: trained students, high quality research, and the pace, terms, and future use of scientific disclosures (see e.g., Bok, 2003; Ehrenberg Rizzo, & Jakubson, 2003; Atkinson et al., 2003; Kennedy, 2000) . Blumenthal et al. (1996) , for example, show that -in the life sciences -faculty with more than two-thirds of their research support from industry sources have lower rates of publication and write less influential articles than other faculty with less industry support. Yet universities are clearly identified as the source of exceptional regional entrepreneurial activities that have spurred the development of high technology (Jaffe, 1989; Bania, Eberts & Fogerty, 1993, Jensen and Thursby, 2001; Hall, Link, & Scott, 2003; Link and Scott, 2003) . Leading private universities (e.g., Harvard, MIT, and Stanford) and some of the land-grant public universities (e.g., University of California and University of Wisconsin) are well known for their outstanding performance in technology transfer and licensing revenue generation. Indeed, since the Bayh-Dole act of 1980 allowed universities to patent their inventions, the last two decades have seen many research universities invest heavily in technology transfer offices. Overall, the literature on the production of university patents has shown mixed effects of this regulatory change on the quality of research, with some (Henderson, Jaffe, &Trajtenberg., 1998) showing declining quality and others (Sampat, Mowery, & Zeidonis, 2003) showing no effect. Another outcome potentially associated with increasing pressures to produce commercial outputs is the dramatic increase in the use of post-doctoral researchers in U.S. university labs (see Table 1 ), which has given rise over the past two decades to an 86% increase in the number of post-doctoral researchers while faculty numbers increased by about 10%. Universities clearly face some trade-offs between hiring post-doctoral researchers and expanding faculty or graduate student numbers, but do they increase their efficiency by having more post-doctoral researchers? At all three levels, increased industry funding, emphasis on technology transfer, and utilization of post-doctoral researchers, there is a need to examine how these and other factors have affected research performance at US universities. This paper examines efficiency and technological change at U.S. research universities in order to explore how they are affected by the commercialization of university research outputs associated with the rise of academic patenting. This issue seems especially timely for two reasons. First, it has been more than two decades since the passage of the Bayh-Dole Act provided the institutional basis for a major expansion of academic patent activity.
Second, US universities are in the midst of an era when both federal and state funds for research seem likely to stagnate under the burden of mounting fiscal deficits. As a result, most US research universities find themselves in an austere era, searching for alternative funding sources as well as ways to improve their efficiency. Knowing how commercialization in its different forms affects university research performance would be valuable to decision-makers at various levels. This paper presents a refined analysis of a unique panel data set consisting of 92 top U.S. research universities from 1981 to 1998. We focus our attention on the estimation and determinants of technical efficiency and rates of technological change among universities during this period. The analysis is based on measurements reflecting traditional university outputs (trained graduate and undergraduate students, publications) as well as the growing importance of university patenting. The output measures are more complete than most previous analyses of university research production. They also take into account quality differences in university research outputs by adjusting counts with citation information.
Inputs to university scientific production are measured by numbers of faculty, doctoral students, and post-doctorates.
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Our analysis of efficiency and technological change is based on the directional distance function (Chambers, Chung and Fare, 1996) . The panel data allows for the estimation of university-specific measures of technical efficiency and technological progress for each time period. These estimates help answer some basic questions on trends in the degree of technical efficiency and rate of technological progress at different types of universities. Using a nonparametric representation of the university production process, we find that levels of efficiency and rates of technological change vary a great amount across different university types. We then conduct an econometric analysis investigating the factors influencing efficiency and technological change. This provides useful information on the effects of funding sources, university size, university type (e.g., public versus private), techtransfer efforts, use of post-docs, and other university-specific characteristics.
Methodology
Consider a university as a firm producing multiple outputs: patents, journal articles, and trained students. The production process involves the production of y ∈ R , a m-vector of outputs, using x ∈ R , a n-vector of inputs. Using netput notation, let z ≡ (-x, y) where outputs are positive and inputs are taken to be negative. Let F ⊂ R × R represent a closed production possibility set, where z ≡ (-x, y) ∈ F means that outputs y can be produced from inputs x. Let g ∈ R , g ≠ 0, be some reference netput bundle. Following Chambers, Chung, and Fare (1996) and Luenberger (1995) , consider the directional distance function:
= +∞ otherwise.
The directional distance function D(z, g, F) in (1) measures how far the point z ≡ (-x, y) is from the frontier technology, expressed in units of the reference bundle g. Note that D (z, g, F) in (1) is the negative of the shortage function discussed in Luenberger (1995) . The properties of the directional distance function D(z, g, F) have been investigated by Chambers, Chung, and Fare (1996) and Luenberger (1995) . They are summarized next. First, z ∈ F implies D(z, g, F) ≥ 0 (since D(z, g, F) < 0 implies z ∉ F). Second, if the set F is convex, the directional distance function D(z, g, F) is concave in z. Third, under free disposal (where z ∈ F and z' ≤ z implies that z' ∈ F), the production possibility set F can be written as F = {z:
Then, the boundary of the production technology is represented by the implicit equation D(z, g, F) = 0. Finally, the directional distance function satisfies the translation property where D(z -k g, g, F) = k + D(z, g, F).
Technical Efficiency
Under technology F, consider a firm observed to be at point z ≡ (-x, y). The directional distance function D(z, g, F) in (1) provides a general way of assessing technical efficiency and productivity. It is also intuitive: D(z, g, F) measures the quantity of inputs g that can be saved by moving to the frontier technology. In addition, for a given reference bundle g, this quantity can be meaningfully added across firms and/or across periods. It means that the directional distance function can be aggregated without undue complication. (Shephard, 1970; Fare and Grosskopf, 2000) . Shephard's input distance function (Chambers, Chung, and Fare, 1996) . A closely related concept is Farrell's (1957) 
Productivity-Technological Progress
Consider a change in technology from F to F', where under technological progress, F ⊂ F' as the feasible set expands. Since the directional distance function in (1) involves a maximization problem, this implies that D(z, g, F') ≥ D (z, g, F) . Evaluated at point z, this suggests the following measure of technological progress
A(z, g, F, F') in (2) has a simple and intuitive interpretation. First, A(z, g, F, F') = 0 in the absence of technological progress. Second, evaluated at point z, finding A(z, g, F, F') > 0 implies technological progress from F to F'. In this case, A(z, g, F, F') is the number of units of the netput bundle g that can be obtained by switching from technology F to F'. As noted above, for a given reference bundle g, this measure can be meaningfully summed across firms and/or across time periods. This additivity property makes A(z, g, F, F') a convenient measure in the investigation of technological change for a group of firms or for an aggregate industry. In addition, noting that [z + D(z, g, F) g] is a feasible point of the production frontier under technology F, the associated profit is
It follows that the change in profit associated with switching from technology
In the case where prices p are normalized such that p ⋅ g = 1, then
] measures the benefit (in terms of profit increase) of technological progress from F to F'.
Below, we will use equations (1) and (2), respectively, to evaluate the technical efficiency and rate of technological change among US research universities.
Data
The dataset combines information on research inputs and outputs in the sciences and Further details on the sources of the data and key choices in the construction of the dataset can be found in the appendix. One key aspect of the dataset warrants discussion here.
The dataset focuses on scientific inputs and outputs, reflecting our interest in studying university production processes that include producing patents. We focus on the sciences because they are the disciplines which have experienced the greatest in-roads of industry funding and are most likely to be engaged in patenting.
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In order to proceed with the empirical analysis, we need a representation of the university production process. University research in the sciences produce outputs (articles, patents, and trained students) using primarily the following human capital inputs: faculty, post-doctoral researchers, and graduate student labor.
In the case of student training, we measure undergraduate bachelor's degrees in the sciences as university outputs. However, graduate students can be both inputs and outputs:
they are outputs of the university educational function, but they are also inputs into the research process through their work in labs. To account for this dual function of graduate students, we assume that they are outputs until their final year, when they are treated as an input into the university research process. Since there is a one or two year delay between when research is done and when a graduate student worked on it, we think that this assumption reasonably closely matches the output data we have. Thus, we measure continuing graduate students as outputs, and PhDs granted as inputs. In this context, universities are involved in the production of four outputs (journal articles, patents, trained undergraduate students, and trained graduate students) using three inputs (faculty, postdoctoral researchers, and PhD graduate students).
To account for quality differentials, we use citations to quality-adjust the patent and article counts. 3 The quality adjustment measure used for each science article/patent is the deviation from the average citation rate of an article/patent in the same broad class/category published in the same year. For example, a 1995 biochemistry article with 10 citations is compared to the average level of citations of all biochemistry articles produced in that year.
For a given year, the average quality article within a category has a citation rate of 1, with higher quality articles then having a measure greater than one and lower quality articles receiving a measure between zero and one. This relative citation approach minimizes a truncation bias that would be introduced by using an absolute citation count. Further details on the citation measure are available in the appendix.
Finally, the university research production process is dynamic: the process of scientific discovery is typically time-consuming. For example, lagged inputs can affect current outputs in the presence of production lags (e.g., it takes time for research to be published). And lagged outputs may affect current outputs in the presence of temporal synergies in production. We incorporate dynamics in the representation of the underlying technology by specifying and estimating a multi-period production technology over a four-year period. Outputs for the current year are assumed to depend on inputs of the current year, as well as on inputs and outputs from the three previous years. The effects of lagged quantities are captured by a weighted average of the corresponding quantities, with weights equal to 0.5 for lag one-year, 0.37 for lag two-years, and 0.13 for lag three-years. As a result, our dynamic production process is represented by eight outputs (four current outputs and four lagged outputs) and six inputs (three current inputs, and three lagged inputs).
Some summary statistics of the data are presented in Table 1 . Table 1 reveals major increases in U.S. university scientific research production between 1984 and 1998 in spite of relatively minor changes in faculty numbers. Patent production grew most over this fifteenyear time span with a 312% increase in the average annual level of production, followed by articles and doctorates with 60% and 47% increases, respectively. Meanwhile, the number of science faculty only grew by 10% over this time period. However, postdoctoral numbers grew by close to 86% over this same period. The fact that all of these scientific outputs grew much more substantively than faculty numbers may suggest the presence of major technological progress during this era, but it could also be true that the growing importance of postdoctoral inputs explains much of the increased research production. Little more can be said without a more careful analysis of the efficiency and technological progress properties of the university production process. The ensuing empirical analysis builds on a non-parametric representation of the production process to generate university-specific estimates of efficiency and technological change. This is followed by an econometric analysis of the determinants of these estimates.
Nonparametric Implementation

Estimating the Directional Distance Function
Estimating the directional distance function D(z, g, F) in (1) requires a representation of the technology F. This can be done either using parametric methods (involving a parametric specification followed by an econometric estimation of the parameters) or nonparametric methods. Below, we rely on a non-parametric approach for several reasons.
First, it provides a flexible representation of the multi-output production frontier, and this does not require imposing a parametric structure on the problem. Second, when the number of netputs is large, it is not subject to multicollinearity problems. Finally, it does not require that each data point be on the frontier technology, which allows for technical inefficiencies.
Input and output data are used to recover an estimate of the underlying multi-output production technology for universities. As discussed above, university outputs are measured as research articles, patents, doctoral students in labs, and bachelor degrees, while the inputs are measured as post-docs, doctorates in their final year of study, and faculty. Following Afriat (1972) , Varian (1984) and others, the non-parametric approach (also called data envelopment analysis or DEA) consists of representing the underlying technology by the smallest convex set that includes all the data. Consider a set of observations on S universities over T time periods. For the s-th university at time t, we observe netputs z This is a straightforward linear programming problem which implicitly estimates the multi-output production frontier across all universities up to time τ. This allows measurements of efficiency changes (university movements toward the frontier at a given time τ) as well as the analysis of technological progress (movements of the frontier overtime) using (2). We implement this approach using GAMS software to analyze university performance. We choose the reference bundle g to represent "one faculty unit": g = (g 1 , …, g n+m ) where g i = 1 when i corresponds to faculty input, and g i = 0 otherwise. In this context, given university netputs z, D(z, g, F τ ) in (1) gives the distance to the frontier measured by the number of faculty that could be saved if the university could move to the boundary of the technology F τ . Similarly, from (2) and given university netputs z, A(z, g, F τ , F τ' ) measures the magnitude of technological progress by the number of faculty that could be saved by switching from technology F τ to technology F τ' for τ' > τ.
Estimating the Determinants of Efficiency and Technological Progress
The empirical implementation of (4) yields two measures of interest for individual universities: 1) technical inefficiency D(z, g, F τ ); and 2) university-specific technological progress between period τ and τ' as measured by A(z, g, F τ , F τ' ) from (2). These measures are estimated for each university for each year in the data set, and provide the data that we use to examine the levels of efficiency and rates of technological progress. Summary statistics for these estimates are presented first to show how they differ across types of universities and across time. Then, with these estimates, we pursue an econometric analysis of efficiency and technological change, thus generating insights on the determinants of university performance.
The econometric model describes the dependent variables (i.e., inefficiency and technological progress) as a function of university characteristics and time specific measures.
Note that university netputs z being feasible implies that D(z, g, F τ ) ≥ 0. Thus, our measurement of university inefficiency is censored at 0. Similarly, for τ' > τ, non-regressive technological progress implies that A(z, g, F τ , F τ' ) ≥ 0. Again, our measurement of technological progress is censored at zero. This implies that the econometric analysis of university performance must deal with the censored nature of the data. As noted by Wooldridge (2002) , estimating censored models with panel data can be challenging. We estimate Tobit models using partial maximum likelihood estimation, because as shown by Wooldridge (2002, p. 402 ) they have desirable asymptotic properties: for fixed T and S → ∞, they give parameter estimates that are consistent and asymptotically normal. This applies under fairly general conditions: it does not require strict exogeneity of the explanatory variables; and it allows the error terms to be serially correlated. However, the presence of serial correlation affects the computation of asymptotic standard errors and requires appropriate adjustments (Wooldridge, 2002, p. 406) . Below, we implement such an approach to the analysis of university performance.
Let Y it ≥ be the dependent variable for the i-th university at time t (either technical inefficiency or technological progress). And denote by X it the corresponding vector of explanatory variables. The associated Tobit model is Y it = max( 0, X it β + u it ) where u it | X it is distributed N(0, σ 2 ). Following Wooldridge (2002, p. 539) , the partial maximum likelihood estimator is the pooled Tobit estimator that maximizes the partial log-likelihood function ∑ i ∑ t l it (β, σ 2 ), where
where 1[⋅] is an indicator variable, and Φ(⋅) and φ(⋅) are, respectively, the distribution function and the density function for the standard normal distribution. As just noted, this
gives consistent parameter estimates. The standard error estimation accounts for the possibility of serial correlation. This provides a basis for obtaining robust standard errors and conducting statistical inferences on the determinants of university performance.
Empirical Results
Technical Efficiency Estimates for U.S. Universities
Based on empirical estimates of D(z, g, F τ ) in (4), summary measures of technical inefficiency of U.S. universities are presented in Figure 1 as the average of 100*D/Faculty for three university types: private universities, public land grant universities (LGU), and public non-LGU. Here, 100*D/Faculty measures the percent of faculty that can be saved by moving to the frontier. On average, private universities are found to be relatively more inefficient than public universities, but that over the last decade the gap has narrowed significantly as public universities have become less efficient. LGU) have on average become relatively less efficient, thus narrowing the gap between public and private universities.
The general increase in inefficiency reflected in Figure 1 can be decomposed further into three groups of universities; those that were:
• On the frontier in the initial and ending period (24 of the 92 in the sample)
• On the frontier in the initial period but not the ending period (25 of the 92)
• Not on the frontier in the initial or ending period (42 of the 92) and Florida State University. Second, the universities on the frontier in the initial period but not in the final period were, on average, 42 percent closer to the frontier in the final period than was the third group, while the efficiency gap between those on the frontier and those that were never on the frontier was more than 35 percent on average. Thus, the trend toward more inefficiency shown in Figure 1 masks a process within which a group of "winners" has pulled further way from the rest of the sample, and especially from the third group. It is noteworthy that this increase in inefficiency for two-thirds of the sample occurred during the period of increased commercialization. The econometric analysis presented below sheds additional light on this issue.
Technological Change
Our analysis of technological change is based on A(z, g, F τ , F τ' ) in equation (2). For a given z and for τ' > τ, this measures the amount of faculty that can be saved by switching from technology F τ to F τ' . To facilitate interpretation, we report 100*A/Fac, i.e. the percentage of faculty that can be saved due to technological progress.
We evaluate technological change over two periods: from 1984 to 1989 and from 1990 to 1998. For each period, we evaluate A(z i , g, F τ , F τ' ) where z i is the netput vector of the i-th university during the first year of each period (1984 and 1990 ). Then, we obtain 100* A(z i , g, F τ , F τ' )/Fac i and convert this into an annualized rate of change for each university over the selected period. A summary of the results are reported in Table 2 . 
Determinants of Efficiency and Technological Progress
In order to understand the determinants of efficiency and technological progress, we specify an econometric model of university performance as a function of key variables hypothesized to make a difference to efficiency and technological progress. To examine technical efficiency, a Tobit model is estimated using the relative measure of distance from the frontier, D(z, g, F)/Fac, as the dependent variable. To investigate technological progress, a Tobit model is estimated using the annualized rate (measured from A(z, g, F τ , F τ' ) in (2)) as a dependent variable for the two periods: 1984-1989 and 1990-1998 . We use the same basic set of explanatory variables in both regressions. The variables and their hypothesized effects are described below and their descriptive statistics are shown in Table 4 .
First among the independent variables describing efficiency and technological progress are control variables that capture university type. We use dummy variables for public versus private universities and for Land Grant universities versus non-Land Grants.
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This allows us to investigate whether the additional outreach missions of public universities, especially Land Grant universities, would make them less efficient in research production and perhaps result in slower technological progress than private universities (McDowell, 2001 ).
In order to control for scale effects in the influence of funding on efficiency and technological change, we include a measure of the total amount of research funding at the university. We also include a measure of the number of science faculty at the university as another measure of scale effects. We investigate whether larger universities (as measured by faculty numbers or research funding) will be equally efficient and have similar rates of technological change than smaller universities. Since these size effects may be different depending on the university's type, we include interaction variables between faculty size and our measures of university type.
In terms of commercialization variables, we draw from previous literature on university research production that has shown the importance of funding sources to the research process (see e.g., Campbell and Blumenthal, 2000) . The literature suggests and we hypothesize that higher percentages of federal funds in the university budget increases both efficiency and technological progress. At the same time we investigate whether a higher percent of industry funding diverts resources away from the typical university outputs and possibly lead to lower levels of efficiency. We include a cross product term for these funding percentages to capture any interaction effect between them.
Since the existence and experience of a technology transfer office will influence the production of one of our measured outputs, patents, we also include variables to measure the level of technology transfer infrastructure at the universities. We use two dummy variables: the first measures whether or not the university has more than 0.5 of an FTE working in their technology transfer office; the second measures whether the university had a technology transfer office before 1980, which is the date of the Bayh-Dole act that changed the institutional framework governing university intellectual property right ownership and commercialized technology transfer. 6 It is hypothesized that having a technology transfer office will increase the measured efficiency by increasing patent production. The existence of a technology transfer office is thought to stimulate technological progress as it facilitates the process of patent production. We hypothesize similar effects for having a technology transfer office before 1980 which we see as a proxy for the experience or quality of the technology transfer office.
We also include variables to control for what we think are important differences between universities in their response to increased commercialization efforts. The first measures the number of post-doctoral researchers per faculty, and the second whether the university has a medical school. Potentially, post-docs can be very productive in the research process. However, if more post-docs reflect a move toward more commercialization, this could also reduce the efficiency of producing more traditional university outputs. To examine this issue, the variable "post-doc" is included in the model, with a squared effect to account for possible non-linearity. The presence of a medical school should be thought as more of a control variable than a commercialization effort measure, but it is also an activity that stretches beyond the classic research and teaching missions to include treatment of patients and other health care provision services.
Determinants of Technical Inefficiency
The estimation results from the pooled Tobit model on inefficiency are reported in Table 4 . Many of the coefficients are found to be statistically significant. 7 Recall that D(z, g, F) measures inefficiency as the distance from the frontier, so that a positive coefficient estimate indicates a variable that increases inefficiency. For example, the finding reported above that inefficiency increased in the 1990s relative to the 1980s is reflected by the positive and significant coefficient estimate on the time trend variable. This suggests a secular trend toward more inefficiency in university production during an era of increased commercialization orientation.
The effects of overall funding and funding sources on the efficiency of university science production are of special interest. Table 4 shows that higher overall levels of funding significantly reduce inefficiency (i.e., increases efficiency). After controlling for the scale of funding, having higher percentages of federal funding always lowers inefficiency. This highlights the importance of federal funding in the efficient operations of universities.
However, the effects of industry funding are more complex. For a given total funding, the marginal effect of industry funding on inefficiency is: 3.346 -0.06229 * (Pct. Federal funds). 8 It follows that a relative increase in industry funding makes the production process more efficient whenever a university gets more than 53.7% of its funding from federal government sources. This shows that a relative increase in industry funding can contribute to improved university efficiency. However, this applies only when the majority of funding comes from federal sources. Our results suggest the presence of a possible "crowding-out 7 Note that the analysis was also conducted without correcting for quality differences in research outputs. In general, the econometric results were found to be similar, leading to the same qualitative findings. 8 Note that these results based on ratios of coefficients are the same whether they are presented using the coefficients themselves or the marginal effects conditional on the censoring. For ease of exposition we chose to present them based on the coefficients themselves.
effect" of industry funding (as suggested by Blumenthal et al. (1996) for the life sciences), whereby extensive industry funding of university research that replaces rather than complements federal funding can contribute to increasing university inefficiency.
The technology transfer variables provide some surprising evidence on the efficiency effects of having a technology transfer office. Universities that have long-standing technology transfer offices established before the Bayh-Dole act of 1980 (e.g., MIT, Stanford, University of Wisconsin) are more efficient at producing research outputs (patents, articles, and students). On the other hand, late-comers to the patent and technology transfer process do not get an efficiency increase from having a technology transfer office. This result is especially strong since we are not accounting for any of the costs of a technology transfer office in our estimates, but we are measuring their major output, patents. This suggests that increased commercialization efforts associated with technology transfer may take time and experience to prove effective. It also raises the question of whether latecomers will be able to accomplish the same research productivity gains as those of early tech transfer entrants.
The coefficient estimates in Table 4 show that the marginal effect of "post-doc/Fac" on inefficiency is: 0.361 -0.372 (post-doc/Fac). It follows that the effect of increasing postdocs per faculty member reduces efficiency when (post-doc/Fac) < 0.97. This suggests that an increase in a post-doc/Fac ratio tends to reduce inefficiency only when (post-doc/Fac) > 0.97.. Since universities with a post-doc/fac ratio higher than 1 represent only 10 percent of the sample, our estimates suggest that a relative increase in post-docs tends to increase inefficiency for most universities. We also find that universities with medical schools are less efficient. This may be a direct result of having more faculty with clinical and non-research responsibilities, which are not adequately reflected in our output measures.
In terms of university types, the results in Table 4 show that public universities are more efficient than private universities. Larger universities are significantly more inefficient than smaller universities. The performance of Land Grant universities (LGU) is more complex. The marginal effect of LGU on inefficiency is: 0.168 -0.197 * (science fac). This means that this effect is negative when (science fac) > 0.852, and positive otherwise. Since the sample mean for (science fac) is 0.583, or 583 faculty members, it follows that small
LGUs are less efficient than non-LGU universities. Alternatively, Table 4 indicates that, ceteris paribus, larger LGU are relatively more efficient than non-LGU universities.
Determinants of Technological Progress
The econometric estimates of the determinants of technological progress are reported in Table 5 . Note that very few of the parameters are significant. This indicates that the process of technological progress for universities does not follow obvious patterns. In other words, this process appears to be for the most part unrelated to the characteristics of the universities and their commercial orientation, a result that is consistent with the lack of variation in rates of technological progress over time or across university type found in Table   2 above. The estimates in Table 5 
Conclusions
This paper has estimated a production frontier for the university research process for science articles, patents, and students and examined the determinants of efficiency and technological change using a panel of 92 US universities over 18 years. The analysis made use of the directional distance function estimated using nonparametric methods, which in a multi-output framework enables recovery of university-level estimates of efficiency and technological change. These estimates were in turn used to examine the temporal trends in these measures and to identify econometrically significant determinants of university performance. This analysis seems particularly important given recent changes in US research universities. These changes include a takeoff in academic patenting, the commercialization of research efforts, and increasing fiscal constraints in federal and state financing for academic institutions.
The results show that U.S. research universities have become somewhat less efficient in this recent era of increasing commercialization. However, we found that this general trend masks an increasing efficiency gap between a significant set of top tier private and public universities and the rest of the sample. The econometric analysis show that many factors affect university efficiency. We found that total research funding tends to increase efficiency.
Perhaps more importantly, we uncovered evidence on the role of funding sources. We found that, while federal funding always increases efficiency, a relative increase of industry funding can improve efficiency but only when federal funding remains dominant. This has three significant implications. First, it stresses the importance of federal funding of university research, which is primarily distributed on a competitive basis. Second, it identifies the presence of synergies between public and industry funding. Third, it shows that these synergies remain present only when federal funding is dominant. Thus, our results show that, while the commercialization of universities can generate efficiency gains, it does so only in consort with continued strong federal funding of university activities.
Our analysis also documents how technology transfer offices and hiring of more postdocs affect university efficiency. Technology transfer offices appear to contribute positively to efficiency for those universities that have had them for a long time but not for latecomers to the technology transfer arena. In addition, we find that increasing reliance on post-docs does not improve research efficiency. In terms of some of the control variables, we uncovered evidence of performance differences across university types. For example, our results indicate that, on average, large public Land Grant universities exhibit higher levels of technical efficiency.
Finally, we investigated technological progress in university activities. We found evidence of significant productivity growth associated with an outward shift in the university frontier technology. However, explaining the determinants of technological progress proved more difficult. This may reflect the fact that technological progress for universities may well be driven by factors exogenous to the university such as general improvements in computational speed, which are available to and adopted by major research universities simultaneously. * Robust z statistics are presented in parentheses: * = significant at 5% level; ** = significant at 1% level. 00% 1984 1985 1986 1987 1988 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 
